Evidence-based medicine employs expert opinion and clinical data to inform clinical decision making. The objective of this study is to determine whether it is possible to complement these sources of evidence with information about physician ''group intelligence'' that exists in electronic health records. Specifically, we measured laboratory test ''repeat intervals'', defined as the amount of time it takes for a physician to repeat a test that was previously ordered for the same patient. Our assumption is that while the result of a test is a direct measure of one marker of a patient's health, the physician's decision to order the test is based on multiple factors including past experience, available treatment options, and information about the patient that might not be coded in the electronic health record. By examining repeat intervals in aggregate over large numbers of patients, we show that it is possible to 1) determine what laboratory test results physicians consider ''normal'', 2) identify subpopulations of patients that deviate from the norm, and 3) identify situations where laboratory tests are overordered. We used laboratory tests as just one example of how physician group intelligence can be used to support evidence based medicine in a way that is automated and continually updated.
Introduction
In evidence-based medicine (EBM), clinical practice guidelines are driven by expert consensus, which is typically based on review of the literature, clinical experience, and outcomes analyses [1, 2] . A major challenge of EBM is the effort and cost needed to keep the knowledge of clinical practice up to date across an ever-widening array of diagnostic and therapeutic options [3] . One way to approach this problem is through analysis of the large amounts of data collected in electronic health records (EHR) [4] . Usually the variable being examined in these datasets is a patient outcome, such as survival [5] . However, in this study we will demonstrate that EHRs not only contain information about patient outcomes, but they also provide insight to providers' knowledge of their patients' state of health, which can also be used in generating EBM guidelines. We will do this in the context of laboratory tests. Instead of looking at the results of the tests, we will examine when physicians ordered the tests. Whereas the result of a test is a direct measure of one maker of a patient's health, a physician's decision to order a test is based on multiple factors including past experience, available treatment options, and information about the patient that might not be coded in the EHR.
Specifically, we will measure laboratory test ''repeat interval'', defined as the amount of time it takes for a physician to repeat a test that was previously ordered for the same patient. For example, if a white blood cell count (WBC) test is ordered for a patient, and the next time that patient has a WBC test is seven days later, then the repeat interval is seven days. The physician ordering the repeat test is not necessarily the same person who ordered the previous test, but could presumably access the result of the previous test through the EHR. By examining these repeat intervals in aggregate over large numbers of patients, we can quantify physician behavior and observe how it varies under different conditions. To demonstrate how this can be used for EBM, we will use the laboratory test repeat intervals from the EHRs of two large and independent hospitals in the Boston area to answer three questions: Firstly, can collective physician laboratory test-ordering behavior, which we call physician ''group intelligence'', be used to define what it means for a laboratory test result to be ''normal''? Secondly, can subpopulations of patients be identified when their physicians' behavior differs from the norm? Finally, can physician group intelligence be used to identify situations where laboratory tests are overordered? Listed for each test are the LOINC (Logical Observation Identifiers Names and Code) name and code; the median repeat interval and standard deviation for all 100,000 repeat intervals; the minimum and maximum median repeat intervals of the 20 value bins and their ratio; the entropy; and the category: ''bad-good'' (BG), ''bad-goodbad'' (BGB), ''good-bad'' (GB), ''good-bad-good'' (GBG), and ''good-bad-good-bad'' (GBGB). Repeat intervals are given in days. doi:10.1371/journal.pone.0064933.t001
Methods

Data Sources
The data used for this study were laboratory test results contained within the Partners Research Patient Data Repository (RPDR), a large clinical database, which combines data from Brigham and Women's Hospital (BWH) and Massachusetts General Hospital (MGH) [6] [7] [8] . From an initial dataset, which included 3,534,666 patients with 465,313,629 laboratory test results between 1/1/1986 and 6/30/2004, we extracted two datasets: (1) Firstly, we obtained a random sample of 100,000 repeat intervals for each of the 97 different laboratory tests listed in Table 1 (9.7 million repeat intervals). Other laboratory tests were excluded either because they have fewer than 100,000 occurrences, or there are known problems with how the data are recorded. Although there are 4,926 tests in the RPDR, these 97 represent 71% of all test results because they are the ones most frequently ordered. (2) Secondly, we obtained a random sample of 1,000,000 repeat intervals for white blood cells (WBC), which indicated the patient age in days at the time of the tests and whether the tests were performed in inpatient or outpatient settings. The laboratory test dates in the RPDR are typically the dates when the results are ready, rather than when the specimens were obtained or when the results were read. The datasets may be requested by registration and submission of a Data Use Agreement at http://www.i2b2. org/Publication_Data/.
Defining normality
Reference ranges of laboratory test values are defined by sampling a healthy population and recording the upper and lower n th percentiles [9] [10] [11] . There are numerous challenges with determining these ranges and in using them for clinical decisionmaking. Many factors such as age, sex, and sampling bias can influence these values; it can be difficult to identify healthy individuals; and there is disagreement over which statistical techniques and percentiles to use [12] [13] [14] [15] . Furthermore, it is unclear how useful reference ranges are in clinical decision-making since there is a distinction between a reference limit and the value that will actually change a physician's clinical decision [16] [17] [18] [19] . The latter is based not on healthy population percentiles, but rather the types of clinical actions that are available to the physician and his or her clinical knowledge, prior experience, and intuition. Can we quantify this to define a new robust measure of laboratory test value normality that reflects clinical expertise?
We defined repeat interval as the amount of time it took for physicians to repeat the same test in the same patient. A repeat interval consists of two tests-an initial test and a repeat test. In this study, we looked at the relationship between the result of the initial test and when the repeat test is ordered. To study this relationship, for each of the 97 laboratory tests we partitioned the 100,000 repeat intervals into 20 equal-size bins based on the result of the initial test. For example, the first bin contains the 5,000 repeat intervals with the smallest initial test result values, and the We did not use the result of the repeat test in this study-we only measured the amount of time that had elapsed since the initial test. Note how this differs from traditional EBM studies, in which physicians perform interventions, and then the patient outcomes are measured. In this study, we start with data about the patients (their initial laboratory test results), and then measure the interventions chosen by their physicians (the time until the test was repeated). In other words, we are examining the physicians as a way of indirectly learning more about the patients.
In the first part of this study, we used repeat intervals to examine normality in laboratory tests. Whereas laboratory test reference ranges suggest there are only two states of patient health, normal and abnormal, we hypothesized that repeat intervals would reveal more subtle patterns that demonstrate the variability among patients and the different clinical contexts in which they are seen.
Identifying subpopulations
To determine if we can automatically identify the various factors that can influence physician behavior, such as patient demographics and clinical settings, we calculated the median repeat intervals for white blood cells (WBC) for different pediatric age groups and for inpatient vs outpatient visits. If these subpopulations indeed represent distinct patient states that have different clinical meaning, then differences in normative behavior might be detectable.
Measuring informativeness
The initial test result may or may not influence when the repeat test is ordered. We used entropy as a measure of how much the median repeat interval varies across the 20 bins for each test. If all 20 median repeat intervals are equal, then the initial test result provides no information towards predicting when the repeat test will be ordered, and the entropy is therefore zero. Because physician behavior is not being affected by the result of the test, we hypothesize that some tests with low entropy are being overordered. In contrast, tests whose initial result has a greater influence over physician behavior will have higher entropy, suggesting that those tests are more informative.
In order to calculate entropy, we first discretized the median repeat interval for each laboratory test's 20 value bins by mapping it to one of 20 frequently observed time periods (Table 2 ). These time periods were determined by combining the repeat intervals for all 97 laboratory tests and noting from its frequency distribution that there are approximately 20 peaks (Figure 1a) . The points between the peaks with the fewest repeat intervals were chosen as the boundaries of the time periods. This ensured that most repeat intervals would be near the center of a time period rather than at the boundary, thus making the results less sensitive to the precise location of the time period boundaries. Entropies were then calculated using the equation -Sum[p(x)*log 2 (p(x))] where p(x) is the fraction of a laboratory test's 20 value bins whose median repeat intervals fall within time period x. For example, if a laboratory test has 10 value bins whose median repeat intervals fall within time period 6 (2 days), 5 value bins that fall within time period 4 (12 hours), and 5 value bins that fall within time period 7 Figure 1a show that the frequency of 9.7 million repeat intervals across the 97 tests has approximately 20 peaks, with 24 hours being the most common, followed by 2 days, 1 year, 7 days, and 6 months. When looking at individual laboratory tests, Table 1 and Figure 1b show that the median repeat interval can range from as small as 3 hours for blood gases to as large as year for cholesterol and prostate-specific antigen (PSA), with a large variance for most tests. However, the repeat intervals can be highly dependent on the initial value of the test as well as the patient population and clinical setting. The next three sections describe this relationship by testing three hypotheses.
Results
Table 2 and
Can physician group intelligence derive knowledge that all physicians already know, but can be difficult to quantify?
The reference ranges for white blood cell count (WBC) in adult patients at BWH and MGH are 4.0-10.0 and 4.5-11.0, respectively [6, 7] . In Figure 2a , which illustrates the repeat intervals for WBC, we can see a complex relationship between the initial WBC value and when physicians order a second WBC test. In general, the repeat interval for WBC is larger within the hospital reference ranges (indicated by markers on the horizontal axis) than outside. However, it is not a binary response. Rather, there is a continuum, with a maximum median repeat interval of almost two weeks at an initial WBC value of 6, and gradually decreasing at larger or smaller values. As seen in Figure 2b and Figure 2c , a similar pattern exists for other tests, such as highdensity lipoprotein (HDLc) and hemoglobin A1c (HbA1c), where the largest repeat intervals occur when the initial test results are within the hospital reference ranges, and the intervals decrease the further outside those ranges.
The vertical bars in Figure 2 represent the 25th and 75th percentiles of repeat intervals. The initial test result not only affects the median repeat interval, but it also greatly affects the variance. If we think about an initial test result being followed by a large median repeat interval as a ''good'' test result, and an initial test result being followed by a small median repeat interval as a ''bad'' test result, then the amount of variance corresponds to the degree of consensus among physicians on whether a particular test result is ''good'' or ''bad''. For example, on average, a WBC of 6 is ''good'', but the large variance means that other information is needed to determine the patient's state of health. At the upper value of the reference range (10.0-11.0), the repeat interval is smaller, but there is still large variability. However, once the WBC is greater than 16, then there is agreement among physicians that the result is ''bad''.
Laboratory tests can be classified according to how their repeat intervals vary with different initial values. Although WBC is ''good'' in mid-range values and ''bad'' at the low and high extremes (''bad-good-bad'', or ''BGB''), the repeat intervals for HDLc are largest at high values (''BG''), and the repeat intervals for HbA1c are largest at low values (''GB''). Table 1 shows that most laboratory tests fall into one of these three categories, with 44 BGB tests (e.g., sodium and glucose), 19 BG tests (e.g., hematocrit and vancomycin), and 24 GB tests (e.g., bilirubin and erythrocyte sedimentation rate (ESR)). An exception is human chorionic gonadotropin (hCG), which has not one, but two ''good'' states (''GBG'') depending on whether the patient is pregnant (Figure 2d ).
Although we are not arguing that this method should replace the standard way of determining laboratory test reference ranges, we want to highlight how remarkable it is that repeat intervals alone, without any additional information about the patients' health, can be used to derive physician consensus around what it means for a test result to be ''normal''. In other words, we can use physician group intelligence to quantify the significance of different test results and determine the values that require immediate action.
Can group intelligence capture the knowledge of subsets of physicians that treat specific patient populations?
Normality as defined by physician behavior can vary greatly with different subpopulations. In neonates, for example, the typical WBC is higher than in adult populations. Figure 3a shows that physicians adjust their ordering behavior for this, with a peak time to repeat for patients less than 1 month old at a WBC of 16.3 (58,121 repeat intervals). As pediatric patients age, the ''ideal'' WBC value decreases and the maximum repeat interval increases. For patients 1-5 months the preferred value is 12.6 (16,237 repeat intervals), and for patients 6-23 months the preferred value is 8.9 (32,556 repeat intervals). The median time to repeat of WBC is at a maximum of 153 days when patients are between 2-5 years old (33,666 repeat intervals). Beyond this age, physician behavior mimics that seen throughout adulthood (38,051 repeat intervals). However, while the preferred WBC remains consistent until old age, the repeat intervals decrease for all values in elderly populations.
Can group intelligence identify inconsistencies in clinical behavior and situations where the frequency of ordering laboratory tests can be reduced? Figure 3b shows that physician ordering behavior for WBC also changes when patients are in an inpatient setting compared to when they are relatively healthy in an outpatient setting. In both cases, the maximum repeat interval is at a WBC value of about 6. However, that interval is 22.9 hours for inpatients (365,769 repeat intervals) and 59.1 days for outpatients (481,591 repeat intervals). Thus, the same laboratory test result can have a dramatically different effect on clinical decisions depending on physician's perceived state of the patient. It might also suggest that hospital guidelines in an inpatient setting influence ordering behavior in ways that are counterintuitive to physicians' true estimate of risk.
The extent to which the initial value of a laboratory test affects the repeat interval can indicate how informative that test is. For nearly all 97 laboratory tests studied, the initial value does indeed influence the repeat interval greatly (Table 1) . For example, the ratio between WBC's best bin's repeat interval (15.4 days) and the worst (0.77 days) is 20-fold. There was at least a 2-fold difference in 87 tests, a 10-fold difference in 35 tests, a 50-fold difference in 13 tests, and a more than 100-fold difference in three tests (serum protein, albumin, and cholesterol). However, this does not tell the full story. A test whose repeat interval is the same in nearly all cases except for the most extreme values might provide less information to a physician, on average, than a test whose repeat intervals vary across the full range of values for that test. This can be quantified using entropy.
Of the 97 tests, albumin and neutrophil fraction had the highest observed entropies (3.141), meaning that their values, more than any other tests, had the greatest influence on physician behavior (Table 1 ). There are several explanations for why the entropy can be low for certain laboratory tests: a) they can be routinely ordered as part of a hospital protocol (e.g. Troponin T has zero entropy), b) they are ordered automatically as part of a panel but are not generally the reason for which the panel was ordered (e.g. mean corpuscular volume (MCV) in a complete blood count (CBC) has an entropy of 1.076), or c) they are part of a screening protocol in which the vast majority of the test results are normal (e.g. prostatespecific antigen (PSA) has an entropy of 1.076 because 75% of its values are less than 3.6 and are not repeated for a one year).
Discussion
We introduced this study by enumerating three questions that we sought to answer, at least preliminarily in a study of two large academic hospitals. We have shown that we can use collective physician behavior to identify normal ranges that correspond to the published normal ranges used in these institutions but without the threshold effect of strict limits and instead providing a smooth function relating these values to normality and disease acuity. Secondly, we have shown that these normative ranges are very specific to the subpopulations being treated going from adult to childhood and the neonatal period where the personalized interpretation of these laboratory studies is markedly different. Thirdly, we have shown that clinical setting, the grouping of tests into panels, and screening guidelines can potentially lead to overuse of laboratory tests. This automated form of EBM does not depend on an ongoing knowledge extraction process from experts; it is driven directly from aggregate physician behavior as seen in EHRs. If styles of practice change, if the meaning of particular clinical variables and their values are understood differently over time, if additional phenotypes such as genomic are introduced then the normative practice for the patient's state induced from physician behavior will automatically be changed. This study represents only a beginning in developing an automated application of physician group intelligence, similar to what has been done with ''crowdsourcing'' for scientific discovery in other fields [20] [21] [22] [23] .
There are far more sources of data that are accessible beyond laboratory data, that are driven by physician behavior and their integrated understanding of the patient's state. For example, one could examine which medications are prescribed and the number of refills included on the initial prescriptions, which procedures are ordered and the time intervals between them, how often follow-up visits are scheduled, and the number of different physicians that treat a patient. These are processes, not outcome measures, but in aggregate represent a consensus estimate.
As in other applications of group intelligence, the use of physician behavior rather than measured outcomes to drive the personalization of medical practice has some obvious risks that are built upon several underlying assumptions. The most important of these is that physicians in aggregate are well informed of the current state of the art. Further, over large populations of patients, sufficient numbers of decisions can be measured that across the varying states of patients there will be robust characterizations of the patient subpopulations. These assumptions can be tested empirically in the future by comparing physician behavior at different institutions and determining, for example, how rapidly physician behavior changes to account for the emergence of innovative and expert-approved clinical practices.
The intent of this study was not to draw conclusions about specific laboratory tests. A more detailed analysis of which tests are grouped into panels, how policies vary across different clinics, and what changes have been seen over time would be needed for that. Rather, our goal was to demonstrate that a wealth of often overlooked information about physician behavior exists in EHRs, which could provide an important source of data for future EBM research.
